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SCIENTISTS IN AN EMERGING FIELD

"

MICHAEL A. RAPPA and KOENRAAD DEBACKERE^

M.l. T. Sloan School ofManagement

50 Memorial Dnve. Cambruige, MA 02139

' De Vlerick School voor Management, Rijksuniversiteit Gent,

Bellevue J, 9050 Gent. Belgium

This pafjer examines the factors that influence scientists in their choice and persistence in an

area of research, and compares the exf>erience of scientists who enter a field early with those

scientists who follow in their footsteps once the field becomes widely accepted. Evidence is

presented from an international survey of more than seven-hundred scientists working in the

field of neural networks. After controlling for cohon and ex[>erience effects, the results

suggest chat early entrants as a group are indeed different in both their motivations to enter

and their persistence to remain in the field. In general, compared with scientists who enter

late, early entrants are significantly less influenced by the social dynamics of the research

community.

INTRODUCTION

Sociological investigations of scientific and technological communities have con-

tributed a great deal to our understanding of the research and development process.

One area of investigation at the genesis of the research process, is the question of why
scientists choose to pursue the topic of research they do, embracing certain problems

as important while disregarding others as inconsequential—the so-called "problem of

problem choice" (Zuckerman 1978; Gieryn 1978; and Ziman 1987). The answer to

this question is pivotaJ to any explanation of the emergence of nascent fields of science

and technology, as it lies at the very heart of the matter. For whatever reason, by

choosing to apply their energy to one set of problems and not another, scientists can

thereby steer the frontier of knowledge in new and different directions.

A common approach to unraveling the problem of problem choice is to distin-

guish between factors influencing scientists' decisions that are internal and external to

the scientific community (Cole and Cole 1973; Stewart 1990; Zuckerman 1978).

Factors internal to science include both the cognitive and the social. Recognizing the

influence of the cognitive side of the equation on problem choice, Zuckerman (1978)

points to the importance of scientists' theoretical commitments and the feasibility of

finding a solution. Scientists use their judgment in determining problems that are

intellectually interesting and yet tractable given the state of current knowledge and

technique. Recalling Medawar's (1967) theme of science as "the art of the soluble,"

Zuckerman (1978) quotes:
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Good scientists study the mosi impKinant problems they think they can solve. It is,

after all. their professional busine»» ki solve problems, not merely grapple with them.

The spectacle of a scientist U>ckc<J in combat with the forces of ignorance is not an

inspiring one if in the ouicomc ihr icieniist is routed

Ultimately, scientists seek solutions to problems they perceive as significant to

"science" and that have a good chance of being found, preferably sooner than later.

But what IS it that informs their judgment of what is indeed significant? The internal-

ist argument holds that it is the logic of the scientific process itself that defines what is

worthy of research; that science connnuaily generates interesting problems of central

imporunce to the cognitive structure of the field. By virtue of their training, scientists

are equipped with a theoretical framework that guides their research agenda, allowing

them to sort the wheat from the chaff Problems at the peripher)', problems whose an-

swers are unlikely to contribute lo the core cognitive structure, are perceived as less

relevant. As a consequence of this Ime of reasoning, the problem of problem choice is

purely one of intellect.

Suspicious of the self-contained nature of such an explanation, sociologists have

sought to infuse an appreciation of the social dynamics of research communities,

thereby making any investigation of problem choice behavior, well, a bit more prob-

lematic. Careful consideration must be given to the social interacuon of scientists in

influencing their choice of problems, including the effect of the reward system of sci-

ence, communal norms, and social stratification. While it is true that, as Medawar
claims, scientists grapple with nature, Merton (1970) and others have shown that they

also grapple with each other. Rather than being made in an airtight cognitive realm,

where "good" scientists know what the important problems are, the problem choice

decisions of scientists are influenced by peer perceptions, competition for rewards, and

the opinions of those scientists in a position of authority. Not only are scientists

guided by theory in choosing problems, they are influenced by each other's problem

choices and opinions regarding what is important—with the opinions of some scien-

tists having more weight than others, given their stature within a research community.

Whether or not social influences reinforce or distort the cognitive influences on

scientists' decisions is undoubtedly a critical question for the sociology of science. But

clearly, the potential for distortion exists. The periodic exponential growth of scien-

tific fields is well-documented (Crane 1972; Menard 1971) and not always eas)' to

explain solely in terms of the underlying theoretical importance of a field. Rather,

there is a tendenc)' for "fashionable" problem areas to emerge in science (Barber 1990;

Crane 1969; Hagstrom 1965). Fashion is contemptible insofar as it represents a situa-

tion where scientists, guided more by perceptions of what is popular, mistake what is

truly important to science. When popularity and importance do not coincide, scien-

tists are given the choice of going along with their peers or breaking from the pack

and reconciling themselves to less glamorous problem areas that are relatively starved

for recognition and funds.

Attention to factors external to science that might nonetheless influence the

problem choices of scientists was precipitated b)- an awareness of the tremendous in-

dustrial and militar)' implications of science and the attendant economic cost of what

Price (19631 called "big science." The size and importance of frontier research in some
branches of science necessitates a greater degree of administrative planning and

control, which consequently places hea\y constraints upon the freedom of individual
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scientists to choose their own research agenda. At the very least, scientists' perceptions

of important problems are influenced by miiitar)' and corporate imperatives; at the

extreme, such imperatives have assumed control over the decision process itself and

have thus made the problem of problem choice an organizational issue to be resolved

in committee.

In the last decade, social constructivists have shifted the debate over the

"cognitive" side versus the "social" side of problem choice in yet another direction.

Science, as Pickering (quoted in Giere 1988, p. 2) recently claimed, is "one-hundred

percent a social construct." Although the arguments are varied, the social construc-

tivists such as Bijker, Hughes and Pinch (1987), Collins (1990), Latour and Woolgar

(1979), Mack (1990), and MacKenzie (1981) have focused on the micro-sociological

processes that result in the publication of research findings. Their analyses have

revealed the many uncertainties and controversies that arise in the course of scientific

activity, which—and this is their point—are ultimately resolved through a complex

process of social interaction.

As a consequence, the outcome of scientific activity is a social construction of

nature rather than a description of nature (Knorr-Cetina 1981; Mulkay 1979). As

Mack (1990, p. 8) states, "...a new idea becomes scientific or engineering knowledge

only by being accepted by enough influential scientists and engineers." However, this

critical social interaction is rarely, if ever, recorded in the final presentation of the

research findings. For this reason, social constructivists advocate a methodological ap-

proach based on the choice of "strategic research sites," which are characterized by

high levels of controversy and uncertainty. Relying heavily on participant observation

techniques, discovery accounts (Woolgar 1976) and archival information such as

scientist notebooks (Knorr-Cetina 1981), social constructivists attempt a holistic re-

construction of laboratory life to gain insight into the way facts and artifacts are

negotiated (Latour and Woolgar 1976; Latour 1987; Bijker, Hughes, and Pinch 1987;

Mulkay 1991).

Given their holistic approach, it is understandable that social constructivists have

come to view the "internal-external" and "cognitive-social" dichotomies as superfi-

cial. Clearly, a host of factors influence a scientist's decision to investigate a particular

problem. Pickering (1984) describes a scientist's choice of problems as "opportunism

in context." A scientist has a particular set of tangible and intangible resources, which

may be more- or less-suited to particular kinds of research. Therefore, a research strat-

egy is structured in terms of the relative opportunities presented by different contexts

for the deployment of resources that are available to a scientist (Pickering 1984, pp.

10-13). In a somewhat analogous manner, Latour and Woolgar (1982) speak in terms

of scientists as "investors of their credibility";

Scientists invest their credibility where it is likely to be most rewarding Their

assessment of these fluctuations both explains scientists' reference to 'interesting

problems,' rewarding subjects,' 'good methods,' and reliable colleagues' and

explains why scientists constantly move between problem areas, entering into new

collaborative projects, grasping and dropping hypotheses as the circumstances de-

mand, shifting between one method and another and submitting everything to the

goal of extending the credibility cycle.
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However valuable its contributions, social constructivism has attracted its share of

critics. Laudan (1984), for example, argues that constructivist sociological accounts

fail to explain the successes of science and technolog)'. While it is true that much of

scientific and technological development requires substantial social organization, it is

difficult to see how social organization in and of itself would have made complex

modern technologies such as the personal computer possible fift)' years ago. As Giere

{1988, p. 132) succinctly summarizes:

By focusing on the process of ongoing research, constructivist investigations have

made vaiuable contributions to our understanding of science as it is currently prac-

ticed. But an excessive concern with current scientific conclusions, especially those in

highly controversial areas, makes the constructivist account seem better than it

is. ...There was a time, before 1920, when one could have argued that protons are a

social construct. But that time is long past. Today protons must be regarded as being

no less reaJ than protozoa To maintain a constructivist stance regarding protons

requires extreme maneuvers indeed.

Thus, at the very least one can say that the "problem of problem choice" is a

complex one. Many influences, which are often interwoven and tend to reinforce each

other, must be taken into account. Admittedl)', a reliable and valid operationalization

of the distinction between cognitive and social factors and internal and external forces

mav be hard to achieve. Nevertheless, these taxonomies have enabled sociologists to

make useful insights into the topic of problem choice. Ben-David and Collins' (1966)

study on the emergence of experimental psychology, MuUins' (1972) research on the

origins of molecular biology. Edge and Mulkay's (1976) seminal work on the devel-

opment of radio astronomy, and Stewart's (1990) investigation of the development of

geophysical theory all offer unambiguous support for the argument that a combina-

tion of intellectual and social factors is necessary in order to study the emergence of a

new research specialt)'.

EXAMINING THE ROLE OF EARLY ENTRANTS

In sorting out the problem of problem choice, it is interesting to focus on a

particular kind of scientist: one who pioneers a new field of research. Specifically, "early

entrants "are defined here as those scientists who initiate and continue working in afield of
research before it is widely perceived as significant, or perhaps even legitimate by their

peers. Among the scientists who might choose to enter a new field, only a small

portion will stay with it for the long term (Rappa and Garud 1992). By virtue of their

unconventional problem choices and unrelenting determination, scientists who enter

early may ultimately lead the way in creating a new research specialty. In his study of

pioneering scientists in systematic zoology, Hull (1988, p. 288) underscores the

importance of persistence:

Scientists know that the struggle for acceptance is likely to be arduous, but they are

not prepared for how long the process actually takes, nor for the amount of misun-

derstanding and misconsirual that inevitably ensues. Tenacity is as essential as

originaluy m science... Anyone promoting a nonstandard view must be prepared to

write the same paper, fight the good fight, answer the same criticisms over and over

again.... Failure in science is more often a function of the lack of resolve than

anything else
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Who are the early entrants and what is it that informs their vision of what is

significant research? Are they influenced in ways that are different from their

colleagues who enter afterward in making their problem choices? Why do they persist

in working in problem areas in the face of criticism from their peers? Given their

central role to progress at the frontier of science and technology, the problem choice

behavior of early entrants is worthy of careful examination.

Although the study of emergent fields occupies a prominent position in the socio-

logical literature, empirical research on the nature of pioneering scientists is limited

and typically incidental with respect to their problem choice behavior. Edge and

Mulkay (1976), for example, highlight the role of scientists in creating radio astron-

omy and provide testimony to their eagerness and determination. In a number of

places in their book, excerpts from interviews with scientists who pioneered the field

give a flavor of their mind-set:

A. All I knew was that he was going to do radio research—some asp>ect of research

in radio—and I was dead keen on radio, it was my great interest, and that's as

far as I bothered (p. 1 5)-

B. I don't think in the very early days we ever thought about anything except that

we were on to something tremendously exciting (p. 17).

C. What spurred us on to greater efforts from 1952 onwards was the very real thrill

of exploration, finding more and more sources and the intriguing nature of

them (p. 27).

D. I believe Ryle knew what it felt like to be an electron in the sun {p. 86)

Moreover, the biographies and autobiographies of scientists who led the way in their

fields of research tend to reveal many similar traits. For example, Hounshell and

Smith's (1988) detailed description of Wallace Carothers' research career at Du Pont

offers an illustration of the determination of a pioneering scientist. Also, Ben-David

and Collins (1966) distinguish between "forerunners" and "followers" in their study

of experimental psycholog)'.

Despite the casual evidence as to their significance and unique behavioral charac-

teristics, scientists who initiate new fields of research have elicited little or no

systematic theoretical or empirical inquir)' among sociologists. For example, in their

account of the emergence of eight different fields, Lemaine et al. (1976) aim at

understanding factors that influence the rate, direction and content of scientific devel-

opment but do not single-out early entrants for systematic analysis. Even in more

general studies in the sociology of science, early entrants in a field have been curiously

absent among the various kinds of scientists that have merited special attention.

Instead, research has been focused on highly productive scientists (Long 1978; Allison

and Long 1990), highly influential scientists, as determined by citation patterns (Cole

1968), "marginal" scientists (Gieryn and Hirsh 1983; Kuhn 1962) or "outsiders"

(Ben-David I960) who make major contributions, and scientific elites, among whom
Nobel laureates figure prominently (Zuckerman 1967 and 1977). Although it may
very well be the case, scientists who are responsible for the early development of a new
field are not necessarily the most productive, nor the most influential, nor marginal,

nor the most prominent of scientists. Thus, a focused investigation of such scientists

appears warranted.
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THE NEURAL NETWORK RESEARCH COMMUNITY

The present study was undertaken in order to undersund in greater detail what
factors influence scienusts in cheir choice of a research agenda and their persistence in

the field. We selected as the basis for this examination the field of neural networks
research, which is one of several fields of science and technology that we are studying
concurrently. The decision to examine neural networks holds no special significance

other than it fit our criteria of an emerging field and the opportunity to do so

presented itself first. After a preliminar)' investigation of the neural network field, we
concluded it would be interesting to conduct a comprehensive study with a primary
focus on scientists who entered the field before it was widely accepted within the

scientific community.

A neural network is a type of information processing system that is inspired by
models of the human brain. By using a biological model in its design, a neural

network system has certain features that make it unique in form and function from
conventional computers. For example, a neural network is not programmed in the

usual sense, but rather it is trained with data. This implies that the computational
performance of a neural network improves with experience: as it processes more and
more information in performing a task, it becomes increasingly more accurate in its

response. Another feature is its degree of parallelism in processing a task. Unlike a

normal computer with a single or small number of sophisticated central processing

units, a neural network has a very large number of simple processing elements that

operate simultaneously on a computational problem. These features allow it to

perform certain tasks that otherwise might be very difficult using existing computer
technology. Neural networks are also referred to as connectionist systems, adaptive

systems, or neurocomputers. (For further technical details, see DARPA 1988.)

Neural networks have a considerable histor\' of development, stretching back to

theoretical explanations of the brain and cognitive processes proposed during the

1940s. In the early years, scientists formulated and elaborated basic models of neural

computing that they then used to explore phenomena such as adaptive stimulus-

response relations in random networks. By the 1960s there were several efforts to

implement neural networks, the most notable being the single-layer "perceptron."
Among neural network scientists the perceptron was considered a watershed, but at

the same time it served as a lightning rod for criticism from scientists more interested

in the burgeoning field of artificial intelligence (AI). The idea of neural networks, as

exemplified by the perceptron, quickly became seen as almost antithetical to the

symbolic reasoning principles of artificial intelligence. Critical analysis of the

perceptron led some highly respected AI scientists to proclaim that the concept was
fundamentally flawed, and as such, inappropriate for scientists to waste much effort.

By casting doubt as to its legitimacy, antagonists of neural networks may have
effectively dissuaded other scientists from entering the field in larger numbers (Minsky
and Papert 1988; Papert 1988).

The controversy surrounding neural networks notwithstanding, work continued
during the early 1970s with perhaps no more than a few hundred scientists worldwide
in the field Undeterred in their belief of the potential of neural networks, their persis-

tence over the next decade eventualK' paid-off By the 1980s, neural networks began
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to be viewed in a new light by scientists m a variety of disciplines, such that the field

soon achieved a position of legitmiac\ v.itliin the scientific community. A professional

society for neural network scientists vsxs formed, specialized journals and books were

published, and the first in a series of international conferences were held. The present

level of excitement regarding the field is best illustrated in a quote from one scientist

in our study;

The present activity reminds me of what it must have felt to be a physicist in the

1930s. Someone reported that ii was a time when even ordinar)' physicists couJd do

great work. I feel like an ordinap,' physicisi of thai time, and it feels great!

While it is difficult to explain exactly why the perception of the field changed so

dramatically, at least four important technical events can be discerned: (1) the

evolution of the single-layer perceptron into a multi-layer system; (2) the rapid devel-

opment of related technologies that enabled scientists to develop, simulate, and

diagnose neural networks of greater sophistication; (3) significant progress in theoreti-

cal understanding of neuro-biological processes; and (4) the contributions of scientists

pursuing the idea of parallel distributed processing, the so-called PDP-group. In light

of these developments, as well as others, interest in the field became widespread, such

that the number of scientists working on neural networks expanded rapidly. By the

end of the decade the size of the field swelled in membership from a few hundred to

several thousand scientists worldwide.

Considering neural networks in light of the taxonomies of emerging fields that

have been developed by sociologists, there is some question as to what classification is

most appropriate. Hagstrom (1965) recognizes two kinds of deviant specialties, which

he labeled "reform" and "rebellious." The members of reform specialties pursue the

same broad goals as other members of their discipline but believe that their special

problems are more central to the major concerns of the discipline than is generally

accepted. In contrast, the members of rebellious specialties regard their research goab

as separate from those of the parent discipline. Elaborating further, Griffith and

Mullins (1972) develop the concepts of "revolutionary" specialties, which are in

opposition to an established discipline, and "elite" specialties, which are divergent but

nevertheless recognized as central to the discipline. Taking another approach. Law

(1976) makes the distinction between "technique-" or "methods-based" specialties

that have membership based on shared gadgetry and its subsequent development,

"theory-based" specialties that are defined in terms of a shared formalism, and

"subject matter" specialties that have members who work on a particular subject

matter or problem.

Classifying neural networks based on these categories entails the usual ambigui-

ties. In terms of Law's taxonomy, we might label neural networks as a subject matter

specialty. While it is likely that techniques such as Carver Mead's neural network

chips and other dedicated hardware will be of tremendous importance to the further

development of the specialty (DARPA 1988), the solidarity of the neural network

scientists certainly does not rest "on the basis of shared gadgetry." Similarly, it is

difficult to speak of Law's shared theory or formalism. Solidaritv' among neural net-

work scientists, if it exists at all, is rather one of a shared subject matter or problem:

"Neural network scientists are talking about modeling the human brain and its parts,

about gaining an understanding of how the brain works. Others in the field are
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talking about building new and unusual forms of computers having brain-like

capabilirv and being constructed of brain-like parts" (DARPA 1988, p. xxix).

Given the split bet%veen neural network scientists and "traditional" AJ scientists,

we might label the new specialry as "rebellious" or "revolutionar)'." However, conflicts

not only exist between neural networks as an emergent specialty and other established

(read: legitimate) specialties, but also among different factions within the neural

network community itself. Different theories such as adaptive resonance (Grossberg

1976), back propagation rules (Rumelhart, Hinton and Williams 1986), and self

organizing feature maps (Kohonen 1984) are more or less competing with each other.

The skepticism within the neural network community toward adopting any single

theoretical approach is exemplified in the following statement by one participant in

our study:

Wc use whatever methods of information theop.- and s)'stem identification seem

appropriate, and do not blindly apply the holy grail of back-propagation to every-

thing in sight. There are serious researchers in the field, but they tend to have been

there before the hoopla, and will probably still be there when the fad dies down.

The evolution of the neural network research specialry is probably not unusual

and may even be typical of emerging fields in some of its sociological characteristics.

Of course, this does not mean that all specialties necessarily emerge in a similar, rather

deterministic, manner. Thus, Edge and Mulkay (1976, p. 395) advocate the need for

a great variety of fields to be studied: "For only by comparing cases of scientific inno-

vation in a great variety of fields will we be able to demonstrate whether or not there

are recurrent patterns of development in science, and under what social and intellec-

tual conditions particular types of development tend to occur." However, as these

same authors demonstrate, at least some features can be generalized from their com-
parative analysis of six different emergent specialties, namely: (1) the occurrence of

innovations outside established research trails; (2) interdisciplinary mobility; (3) the

cumulative development of the new specialty in an academic setting; (4) growth

associated with access to graduate students; and (5) the extensive revision of an

existing scientific perspective (Edge and Mulkay 1976, p. 382).

In sum, it is fairly common for new fields to lack widespread acceptance for long

periods, sometimes attracting controversy, other times simply being ignored by

scientists from established disciplines. But once certain intellectual and/or social

developments occur, fields tend to grow rapidly. This pattern has been noticed, to

greater or lesser extent, in each of the fields we have examined so far—even in cases

where the emerging specialty ultimately faltered. Given the recent experience within

the field of neural networks, this case presents us with an excellent opportunity to

examine in great detail the behavior of scientists who entered the field early and

persisted relative to large numbers of scientists who follow in their footsteps.

METHOD AND DATA

Through an analysis of published sources, including books, journal articles, and

conference proceedings for the two-year period from 1988 through 1989, we identi-

fied more than 3,000 scientists worldwide working on the subject of neural networks.

From this material, we were able to determine the address for each of 2,03"^ scientists
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in thirty-five different countries. Given the scope of the research community, a survey

questionnaire was determined to be the most appropriate method of investigation. A
twelve-page questionnaire in English was sent to scientists inquiring about (a) their

neural network activities, (b) their decision to begin working on neural networks, (c)

factors that might lead them to cease their neural network research in favor of another

problem area, (d) their interaction with the rest of the neural network research com-
munity, and (e) their demographic characteristics. The questionnaire was pretested in

the United States. Additional tests were conducted in Europe to reduce potential

interpretation difficulties arising among those respondents for whom English is a

second language.

Since there were thirty-seven scientists with more than one address during the

time period considered, a total of 2,074 questionnaires were mailed in February 1990.

After the third week of data collection, we mailed a follow-up letter and posted e-mail

messages on computer bulletin boards to alert neural network scientists of the survey.

Of the 2,074 questionnaires, 162 were returned as undelivered by the post office.

None of the thirty-seven scientists with more than one address were represented in the

undelivered questionnaires. At the completion of the data collection period approxi-

mately ninety days later, 720 of the 1875 questionnaires presumed to be delivered

were completed and returned, yielding a final response rate of 38.4 percent. Some of

the factors that may have affected the response rate include: the length of the ques-

tionnaire, the global scope of the survey, and the institutional mobility of scientists.

Validity checks. In order to rule out apparent self-selection biases, demographic

comparisons were made to determine whether the survey population departs signifi-

cantly from the respondent sample. In particular, first-order comparisons between the

two groups were made with respect to the geographic location of a respondent's insti-

tutional affiliation, type of institutional affiliation, and disciplinary background.

First, a geographic comparison was made clustering the respondent sample and

the survey population into four regions: the Americas, Europe, the Far East, and the

Middle East. Of the 720 respondents, 63 percent reside in the Americas (all but a few

percent in the U.S.), 25 percent in Europe, ten percent in the Far East, and about two

percent in the Middle East (mainly Israel). These percentages coincide almost per-

fecdy with the survey population (^^=5.24, d.f =3, n.s.). Similar results were achieved

when omitting the smallest category (the Middle East) from the test.

A second test compared the respondent sample and survey population with respect

to the institutional afFiliation. Respondents were classified into three categories:

universities, industrial firms, or other types of institutions (mostly government funded

laboratories that are not universitv-based). Among the 720 respondents, 452 (63

percent) are affiliated with academic laboratories, 177 (25 percent) are employed in

industrial firms, while 91 (12 percent) are engaged in other types of institutions. A
comparison reveals that no statistically significant departure exists between the re-

spondent sample and the survey population {y}='b-(i\, d.f = 2, n.s.).

A final, albeit less precise, test compared the disciplinary background of the

sample respondents with those of the survey population. Although respondents

indicated their disciplinary backgrounds, for the survey population we were only able

to infer scientists' disciplines from their postal address when a departmental affiliation

was provided (e.g., scientists belonging to electrical engineering departments were
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classified as electrical engineers). Upon careful inspection of the survey population,

the disciplinary' background for about 1,500 scientists was found. Using this data, we
were unable to find a significant difference when comparing respondents with the

survey population. The disciplines most represented among respondents include

electrical engineering (36 percent), physical sciences (19 percent), computer science

(18 percent), biological sciences and engmeering (7 percent), mathematics (7 percent),

and psychology and cognitive science (5 percent).

Sample characteristics. The 720 respondents are employed in 220 different aca-

demic institutions, 101 industrial firms, and 62 other (mostly governmental) types of

organizations. There are 89 respondents who report more than one employer. The
large majority of respondents (82 percent) hold a doctorate or are in the process of

obtaining one. Only 16 percent report holding a master's as their highest academic

degree, and just two percent are at the level of a bachelor's degree. The distribution of

academic degrees is further reflected in the respondents' current positions of employ-

ment. The majority of them are universit)' facult>' (38 percent) or hold a scientific

post (32 percent), ranging from staff scientist to chief scientist. About 17 percent of

the respondents are students, virtually all of whom are in doctoral programs.

Regarding other employment positions, only seven percent of the respondents report

themselves as being an engineer, while just five percent are managers. The remaining

few percent of respondents fall into several other employment categories.

The average respondent is 37 years old (s.d.= 9.2 years). The respondent sample

ranges in age from 22 years for the youngest to 69 years for the oldest, with the

youngest quartile between ages 22 and 30 and the oldest quartile between ages 43 and

69. The median age is 35 years. For the 702 respondents who specified the year they

began working on neural networks, the average length of time in the field is 6.2 years,

(s.d.= 6.1 years). The median length of time in the field is four years, with the range

between one and 40 years. A variable measuring the length of a respondent's profes-

sional experience (not necessarily in the field of neural networks) was created based on

the time elapsed since graduating with the highest degree. The average length of

professional experience is 8.7 years (s.d.= 8.8 years). The median number of years is

six, with a range from zero (i.e., students and recent graduates) to 46 years. The
quartile with the least professional experience has between zero and one year of

experience; the one with the most experience has between 14 and 46 years.

Identifying early entrants. Since the focal point of this stud\' is on understanding

the problem choice motives of early entrants and their persistence in the field, identi-

fying exactly who the early entrants are\s a critical issue. Our determination of who in

the respondent sample should be classified as an early entrant is based upon when a

respondent enters the field of neural networks. As previously discussed, the evolution

of the neural network community is marked by a period of rapid growth in member-
ship during the 1980s and by the advent of a professional societ)', specialized journals

and books, and an international conference. Finally, neural network scientists them-

selves have called the second half of the 1980s a "rebirth" of their specialry (see

Anderson, 1988). These events serve as indicators of the establishment of neural

networks as a legitimate field of research within the broader scientific community.
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Thus, a point of demarcation for separating scientists who entered early from the rest

of the sample should lie somewhere in this period.

The cumulative distribution of the entry year for each respondent, which is shown
in Figure 1, illustrates the change over time in participation in the field. From this

cumulative growth pattern it is clear that the field grew most rapidly from about 1984

onwards. The number of respondents entering the field each year was much lower

during the 1960s and 1970s. About 25 percent of the respondents entered the field

prior to 1984, whereas about 75 percent entered from 1984 to 1990. Both the histori-

cal record of neural network research and the entry pattern illustrated in Figure 1

suggest that the point of demarcation for identifying early entrants is somewhere
between 1980 and 1985. During the period from 1981 to 1984, a total of 91

respondents entered the field.

FIGURE 1:

Cumulative number ofsurvey respondents entering thefield ofneural

networks and cumulative percent.
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As a consequence of our analysis of historical events in the field, we have classified

the 165 respondents (25 percent) who entered the field by 1983 as early entrants,

while placing the remaining 537 (75 percent) who entered after 1983 as late entrants.

The late entrants provides us with a means for contrasting the responses of the early

entrants. For a number of analyses, the late entrants are further divided into two sub-

groups: those scientists who began their research career in the pre- 1983 period but

who chose to work on other subjects versus those scientists who started their research

careers in the post-1983 period.

Ideally, from a methodological point of view, it would be our preference to also

have scientists who had been active in neural network research during the pre- 1983

years but who subsequently decided to move on to other research pastures (and hence,

are not considered pioneers by our definition). Unfortunate!)', from a practical point
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of view, this approach proved unfeasible Vi e are simply unable to locate a sufTiciently

large number of former neural ni-iv-urk scientists to provide the basis for a statistical

comparison.

Finally, given our emphasis on (he respondents' self-reported entry year as a

demarcation between early and late entrants, we extensively checked the reliabilitv- of

their answer to this question Each respondent was asked on the second page of the

questionnaire to fill-out a grid showing his or her involvement with neural network

research from the early 1960s onwards (in five-year increments). When comparing the

answer to this question with the respondent's self-reported entry year on the fifth page

of the questionnaire, we find no inconsistencies.

Furthermore, the survey inquired into the respondents' perceptions of the

structural characteristics of the neural network field at the time they started their

activities (i.e. the size and growth rate of the field). Of the 163 early entrants who
answered these questions, about 90 percent judged the field to be "small to very small"

at the time of entry. Of the 533 late entrants, 61 percent judged the field to be "large

to very large" at the time they started. The difference between early and late entrants is

highly significant (Mann-Whitney z=12.9, p<0.001). Similarly, about 60 percent of

the early entrants judged the field to be "rapidly declining to declining or stable" at

the time they entered, while 95 percent of the late entrants judged the field growth

rate to be "increasing to rapidly increasing." Once again, this difference is highly

significant (Mann-Whimey 2=14. 5, p<0.001). Moreover, the answers to these struc-

tural questions confirm the trends we have observed in studying the historical

evolution of neural networks.

There is a third check on the self-reported entry dates built into the survey

instrument. We asked the respondents to report "the one event that was most impor-

tant in influencing their decision to start neural network research." Respondents

identified 313 distinct events, the origins of which could be traced back in time (e.g.

publication of a paper or a book, attending a conference, participating at a workshop).

The resulting time pattern (cumulative percent of events versus time for the period

1950-1990) is similar to the one shown in Figure 1. Of the events mentioned, 25

percent occurred prior to 1984. A Kolmogorov-Smirnov two-sample test shows no

statistically significant difference between both time distributions.

Lastly, a reviev. of the historical record of publications in the field provides

another means for testing the accuracy of self-reported entry dates. For this purpose

we use Wasserman and Oetzel's (1990) Neural Source Bibliographic Guide to Artificial

Neural Networks, which contains 4,661 titles of articles related to neural networks, as

well as a commercial electronic literature database (INSPEC), which contains 2,740

abstracts for neural network articles published since 1967. Using this data, we calcu-

lated the time-lag between respondents' self-reported entr)' year and the date of first

appearance in the published literature. Given the time it takes to conduct research and

publication delays, the results confirm the previous analysis: the median time lag

between self-reported entry year and first appearance is two years and the average lag is

3.7 years. The difference between median and average time-lags is attributed to a

small number of early entrants who are only found in the database several years after

their self-reported entry vear. In each case, we find this to be due to the limitations of

the database and not to inconsistencies in self-reported entry dates.
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Early entrants and the decision to enter thefield: first-order analysis

We begin our analysis of early entrants by examining respondents' motives for

initially choosing neural networks as a problem area of research (see Appendix for core

items). Respondents were asked to rate the degree of importance of numerous factors

that might have influenced their decision to work on neural networks. The factors

reflect the diversity of potential influences on scientists that have been discussed

previously in the literature.

A first-order analysis based on one-way ANOVA comparisons points to sutistically

significant differences between early and late entrants with respect to their motivations

to enter the field (see Table 1). Late entrants were divided into a "pre-1983'' and

"post-1983'' subgroups based upon when the respondent received his or her highest

academic degree. The pre-1983 subgroup consists of 192 scientists who started neural

network activities after 1983 but who nevertheless graduated with before 1983-

Respondents in this group had been pursuing other research before embarking upon

neural networks after 1983. Their pre-1983 status was corroborated by answers to

questions about their previous research activities, which indicate that they made a

conscious decision not to work on neural networks during the pre-legitimacy years.

The 326 respondents in the post-83 subgroup obtained their highest degree in 1983

or thereafter (or, were still in the process of obtaining their highest degree at the time

of the survey). Having started their professional career after the period of increased

legitimacy had begun, these respondents differ from the pre-1983 subgroup in that

they were not in a position to begin neural network research during the "wilderness

years," even if they had wanted to do so.

As shown in Table 1 , the major differences occur between early and late entrants.

Late entrants are rather homogenous; the pre- and post- 1983 subgroups are not signif-

icantly different in their responses. The first-order results point in the direction of the

"social" influences being significantly more important for scientists who entered late

than for early entrants. Scientists who entered the field early are significantly more

influenced by the intellectual compelling nature of the field than scientists in both

control groups (p<0.001).

On the other hand, late entrants were significantly more influenced by the

structural dynamics of the field (i.e. field size and growth rate) than early entrants

(p<0.001). Thus, it appears that perceptions about community size and growth rate

have a different influence on the decisions of scientists to enter the field. Using the

same analytical approach, we investigate the influence of financial and intellectual

requirements on the respondent's entry decision. As shown in Table 1, no first-order

difference are found between early and late entrants with respect to these factors.

Similarly, social factors such as the successes of other scientists with neural networks

are significantly more important for late entrants than for early entrants (p<0.001).

The same results are obtamed when we omit from earl)' entrants those post-1983

respondents who were still students at the time of the survey.
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Early entrants and their decision to enter the field: multivariate analysis

The strength of the differences between early and late entrants are further

scrutinized using ajialysis of covariance procedures. Because we are interested in those

factors that influence a respondent's decision to enter the field, we use control

variables that reflect the state of reality at the time the decision was made. The first

control variable is the respondent's sector of employment at the time of entry. Among
the 665 respondents who provided their institutional afFiliation (at the time they

entered the field), 70 percent were in academia, 20 percent were employed by indus-

trial laboratories, and 10 percent were in government-funded, non-academic

laboratories (which we call the "government" sector).

Defining additional covariates requires us to circumvent a methodological prob-

lem known as the age, cohort, period (ACP) effect (Fienberg and Mason 1978;

Hagenaars 1990; Mason and Fienberg 1985; Rodgers 1982). It is may be the case that

a scientist's motivation to choose a particular research agenda may change according

to the 'graduation cohort' to which he or she belongs (Mason and Fienberg 1985). A
graduation cohort consists of those individuals who obtained their highest degree in

the same year or during the same time period. However, this is not the only variable

which may affect entry motivations. Indeed, even scientists belonging to the same

cohort may still differ in the number of years of professional experience they have

when entering the field. Professional experience is then defined as the time elapsed

between the year the respondents received their highest degree and the year they

entered the field. The entry decision of "more experienced" scientists may differ

considerably from the decision of "less experienced" scientists.

In this context, it is particularly interesting to note that a disproportionate

number of early entrants entered the field prior to receiving their highest academic

degree; that is, while they were students. A total of 98 of the 156 pioneers (63

percent) entered before graduation and another 1 1 entered the same year in which

they graduated. In comparison, 200 of the 518 late entrants (39 percent) entered

before graduation and another 41 entered the year of graduation. This distribution is

significantly different across both groups (^(-=29. 6 with d.f =2 and p<0.001).

The ACP effect stems from the relationship between respondents' professional

experience at entry (age), their graduation year (cohort), and the year they started

neural network research (period). Since period=cohort+age, all three components

cannot be used to predict entry motivations. Given the complexity or, according to

Rodgers (1982), the impossibility to solve this problem, the use of proximate variables

is advocated in order to break-up the relationship that ties age, cohort and period

effects together (Hagenaars 1990; Rodgers 1982; Mason and Fienberg 1985).

As a consequence, we take the following approach to solve the ACP-problem. In

order to control for the "cohort" effect, we include the year the respondent received

his highest degree as a first covariate. Second, as an indicator of "experience," we use

the respondents chronological age at the time of entering the field as another

covariate. The average chronological age at entry for early entrants is 27.8 years

(N=160), compared with 31.8 years (N = 532) for late entrants (pd,ff <0.001 ). The

correlation between both covariates is —0.64 (pcO.OOl). Thus, both covariates can be

used simultaneously in a multiple ANCOVA test (Tabachnik and Fidel! 1983). Finally,

we use the dichotomous early/late entrant variable as the independent variable in the
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analysis. There are no serious problems with the basic ANCOVA assumptions

(homogeneirv of regression, homogenein,- of variance, linearity, outliers), although in

the case of industrial scientists the differences in cell sizes are rather large (the ratio of

the largest cell to the smallest cell is 9:1).

The results of the analysis of covariance are shown in Table 2. The "all

respondents" data indicate that the first-order differences shown in Table 1 tend to be

sustained once cohort and experience effects are removed. Once again, early entrants

judge the intellectual compelling nature of the field significantly more important than

late entrants (p<0.01). However, the negative signs of the regression coefficients for

the statistically significant cohort and experience effects reveal an interesting pattern.

Respondents who belong to early graduation cohorts or have "less experience" at the

time of entry judge the intellectual appeal of the subject matter significantly more

important than their "more experienced" colleagues (p<0.01) or than their colleagues

who belong to later cohorts (p<0.001).

On the other hand, social factors further discriminate between both categories of

the independent variable: the structural dynamics of the field are once again signifi-

cantly more important for the late entrants than for early entrants (both p<0.001); the

same is true for the successes of other scientists with neural networks (p<0.001) and

for the positive opinions of leading scientists, the availability of funding, and the lack

of other research topics (p<0.05). Here, the statistically significant cohort and experi-

ence effects are consistently in the same direction. Respondents who belong to more

recent graduation cohorts and who have more experience judge the social factors to be

significantly more important than their colleagues who belong to earlier cohorts or

who are less experienced.

The cohort—period effect is further seen in Figure 2. The vertical axis of this figure

shows the cumulative percent of a cohort (grouped according to year of highest

degree) that has entered the field of neural networks by a given year (the horizontal

scale). For each of the six graduation cohorts the period effect is clearly visible. The
increase in legitimacy of neural networks after 1983 led to a remarkable increase in

participation across cohorts.

Taking into account institutional affiliation we find that the characteristics of

early entrants we previously identified are in fact most closely associated with those

affiliated in universities. This is not surprising, given the nature of academic science. It

might be expected the differences between early and late entrants would disappear

when taking into consideration academic respondents. Instead, the opposite is true

—

even when omitting respondents who were students at the time of the survey. The
major differences found in the original analysis persist, thus ruling-out the possibility

that a large number of students among late entrants may affect the response pattern.

The main result from the analysis of entry motives is that substantial differences

between early and late entrants can be found, despite the apparent differences in grad-

uation cohort and experience. In other words, the analysis enables us to answer the

question of whether or not the first-order differences indicated in Table 1 reflect

changes in the motives of scientists who are attracted to the field once it has gained

legitimac)', or merely changes in the demographic characteristics of scientists. The
analysis of covariance clearly shows that the factors influencing scientist who entered

the field early cannot be explained solely in terms of differences in graduation cohort

or experience relative to late entrants.
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FIGURE 2

Cumulative percent ofsurvey respondents entering thefield ofneural

networks for dijferent graJuation cohorts.
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difficulty in keeping up

overcrowding of the field

slow progress in problem

solving

negauve opinion of

supervisor^

disconunumce at

organization

lack of financial rewards

diminished interest

among others

unfavorable opinion

leading researchers

time willing to continue

reieiich

3.20 1,7 3.69 1.5 3.75 1.8

3.22 1.7 3.27 1.6 3.60 1.7

3.10 1.7 4.12 1.7 3.95 1.7

2.82 1.6 3.78 1.8 3.85 1.8

2.75 2.0 3.60 2.1 4.0 2.0

2.70 1.7 3.03 1.8 3.36 1.8

2.62 1.5 330 1.5 3.34 1.6

2.25 1,4 2.99 1.6 3.17 1.6

4.03 1,1 3-27 0-9 3-11 1,1
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Another quesuon, also reported in Table 3, addresses how long the respondent is

willing to continue working in the field, given the current rate of progress.

Admittedly, this is a rather difTicuk question to pose and answer, but it does serve as a

rudimentar.' indicator of how committed the respondent is to the subject of neural

networks. Although this variable was measured on an ordinal scale, our analysis shows

that the more technically correct Mann-Whitney and Kruskal-Wallis non-parametric

tesu give exactly the same results as the ANOVA reported in Table 3- Given the

controls we have built into the analysis in the next section, treating the ordinal

variable as an interval variable enables us to apply more powerful statistical tests. A
first-order analysis reveals that early entrants report a willingness to persist signifi-

cantly longer with their neural network research agenda than late entrants: average

and median values of five-to-ten years as compared to two-to-five years (p<0.001).

The persistence ofearly entrants: multivariate analysis

An analysis of covariance using the respondents' graduation cohort and age at the

time of the survey (a proximate variable for professional experience) provides further

evidence confirming the first-order differences between groups (see Table 4). Once
again, an institutional control variable is included, only this time it is based on the

respondent's sector affiliation at the time of the survey (as opposed to afFiliaiion at the

time of entry, which was used in Table 2).

The average age of early entrants is presently 42.3 years (s.d.= 8.7), compared with

35.1 years (s.d.= 8.3) for late entrants (pdifr<0.001). The average number of years

elapsed since graduation for early entrants is presently 13.4 (s.d.= 9.7), compared with

7.2 years (s.d.= 7.9) for late entrants (pjjjff <0.001). The Pearson correlation coefficient

between the covariates (i.e. year of highest degree and age at present) is -0.87

(p<0.001). The results of a multiple ANCOVA are reported in Table 4.

The ANCOVA results for "all respondents" support the findings from the first-

order comparison; scientists who entered the field late show a more tenuous commit-

ment to a neural networks research agenda than their colleagues who entered early,

even when taking into account cohort and experience effects. The institutional affilia-

tion control further reveals that it is once again within the academic context that the

early/late entrant dichotomy becomes most accentuated. These findings further

confirm the conclusions reached in the previous analysis of the respondents' entry

decisions.

A final question asks the respondents to indicate whether neural networks is their

only research interest, a major interest, one of several interests, a minor interest, or just

an interest in keeping informed. From this question, it is possible to ascertain the

relative stature of neural networks research to other problem areas for early and late

entrants. Table 5 shows that early entrants more frequently report neural net^^'orks as

their primar\' or major research interest. A Kruskal-Wallis test indicates that this

difference is statistically significant (p<0.001).
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TABLE 5

Respondent's cUgree of involvement with neural networks

EARLY

ENTRANTS

LATE

ENTRANTS I

Neural nerwork research is % %

LATE

ENTRANTS n

%

My only research interest

My major interest, though not the only

topic on my research agenda

One of several interesting research

avenues I pursue

A minor issue on my research agenda

A topic to keep informed about, without

becoming actively involved

26
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"legitimacy" effect less visible. Also, the ACP effect becomes all the more acute in the

entry analysis since a continuous form of the early/late entry variable is used (i.e.

period=cohort+age). To the extent that the results obtained with the continuous

variable "are in the same direction" as those obtained with the dichotomous variable,

we can be more confident in the data presented in the previous sections.

In order to verify' this point, the entr\' and exit items discussed in the previous

sections are used as the dependent variable in regression models. The cohort and

experience effects are the independent variables along with the continuous form of the

early/late entry variable. As far as the exit items are concerned, the results reported in

Table 4 are fully upheld. With respect to the entry items, the relationship between

age, cohort, and period causes some problems. Three changes occur in comparison to

the "all respondent" results reported in Table 2: intellectual entry requirements,

financial entr)' requirements, and positive opinions of leading scientists become non-

significant. For all other items, the signs of the regression coefficients for the continu-

ous early/late entry variable are in the direction that would be predicted from Tables 2

and 4.

DISCUSSION

The forgoing analysis provides some insight into the character of scientists who
enter early and persist in a field and how they differ from colleagues who enter late.

With respect to the choice of neural networks as their problem area, early entrants are

more deeply influenced by the intrinsic intellectual appeal of the subject matter than

are late entrants. In the same vein, early entrants are less influenced than late entrants

by a lack of other topics when choosing neural networks. This result supports the

internalist argument that sees cognitive influences as the predominant factor in a

scientist's choice of problem area. Early entrants are less concerned with what is

occurring in the rest of the research community when deciding to enter the field. For

example, they rate as significantly less important: the positive opinions of leading

scientists and the success of other scientists. Early entrants are also less influenced by

the size and growth rate of the field. Furthermore, they are less influenced by practical

matters such as the availability of funding.

Scientists who entered the field early appear to follow more closely the classic

textbook explanation of problem choice in science. Relative to late entrants, they are

drawn to the field by their intellectual interests and are less mindful of the social forces

at play in the research communit)'. Moreover, most of the first-order differences

between early and late entrants remain significant after taking into account cohort and

experience effects: the period effect remains influential in and of itself At the same

time, the significant covariates suggest that cohort and experience effects are impor-

tant in explaining scientists' problem choice motives. We found that less experienced

scientists or scientists who belong to earlier graduation cohorts tend to judge the intel-

lectual appeal of the field relatively more important than their more experienced

colleagues or than later graduates. Thus, it is not simply a case of youthful idealism,

but rather something else that is at the heart of pioneering behavior.

While the evidence with respect to the decision to enter the field strongh' favors a

view of early entrants as a distinct group, the fact that this decision was made several

years prior to the survey is an important consideration. The passage of time since
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entering the field may distort perceptions of what his in fact influenced their decision

to work on neural networks. Are early entrants simply remembering things differently?

Undoubtedly, the element of time makes pioneering behavior all the more difficult to

understand. However, by examining the persistence of early entrants, we complement

the analysis of problem choice with an analysis of situational perceptions that are

contemporaneous with the survey period for all respondents.

The uniqueness of early entrants can be seen equally as clear in their response to

the importance of factors that may lead them to leave the field of neural networks.

They are different from late entrants in many respects. Although there is no statistical

difference with respect to the importance of diminishing intellectual challenge, early

entrants consistently show less concern regarding most other factors. Even so, relative

to their colleagues who enter late, early entrants seem to be motivated more by the

intrinsic qualities of neural networks as an intellectual endeavor and to be rather

single-minded in their determination. Neither slow progress in solving problems, nor

rapid progress in alternative fields, has as much importance to them as it does to late

entrants. Regarding communal factors, early entrants are less influenced by the lack of

interest among other scientists or by the unfavorable opinions of leading scientists.

Furthermore, the lack of funding, the lack of financial rewards, the negative opinions

of supervisors and the discontinuance of neural networks at the respondent's organi-

zation are each significantly less important to early entrants. Here again, as with the

decision to enter the field, the results are not substantively changed when considering

cohort and experience.

Scientists who entered the field early display more of a passion for their chosen

subject, which is also born-out in their intent to remain in the field. Not only is their

interest less diminished by a number of factors, but early entrants also intend to

endure in the field for a longer period of time. When controlling for cohort and

experience effects, we find that early entrant cohorts express a longer term commit-

ment to the field of neural networks. The evidence further shows that the majority of

early entrants are more focused on neural networks, considering it their major, if not

their only, research interest.

The broad picture of early entrants that emerges from the data is fairly consistent.

When choosing an area of research, they are more influenced by their own perceptions

of what is intellectually interesting and less concerned with the actions and opinions

of others as well as the practical realities of funding and rewards. Likewise, with

respect to their persistence in the field, early entrants are rather single-minded in their

perspective. Nonetheless, the findings should not be interpreted as if early entrants are

only motivated by internal cognitive influences. Clearly both social and intellectual

factors are at work. The data presented here suggest that the relative balance between a

variety of motivational factors may well be different across subsets of scientists within

a particular research community. The findings also have implications for understand-

ing the motives of scientists who enter a field once it becomes legitimated. The
evidence suggests that it is with this group that social forces, both internal and exter-

nal to the community, play a larger role in problem choice.

The second-order analysis, controlling for the respondents' institutional affiliation

both at entry and at present, shows that significant variations exist in the factors

influencing early entrants to enter and persist in a field. The results of our investiga-

tion indicate that academic earh' entrants are distinctK' different from their late
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entrant peers in that they are more influenced by cognitive factors and less influenced

by social factors in the research communit)'. Moreover, the contrast between early and

late entrants in academia remains strong, despite the fact that the questionnaire items

reflect fundamental characteristics of the academic ethos. Early entrants in industrial

and government laboratories are more similar to late entrants. Nonetheless, it is difR-

cult to determine on the basis of the present data alone in what manner the problem

choices of scientists are influenced by the institutional constraints under which they

must work. Clearly, further investigation of external influences on scientists' problem

choices is warranted.

CONCLUSION

Scientists who enter early and persist in a new field play a central role in the

growth of science and technology. The results of our analysis show that early entrants

in the field of neural networks are unique in their motivations to enter and persist in

their chosen field of research. When compared with their colleagues who entered the

field late, early entrants are found to be more influenced by their own perceptions of

what is intellectually compelling and less influenced by the opinions and actions of

others in the research community and by the availability of funding and rewards.

After controlling for cohort and experience effects, these differences continue to hold.

In terms of Law's (1976) subject-matter specialties, the results presented here are

reassuring: social forces indeed seem to play a predominant role in the development

and growth of this kind of specialty. At the same time, distinguishing between early

and late entrants may help to understand the relative influences of intellectual and

social forces in the "problem of problem choice."

Studying early entrants affiliated with academic, industrial and government

laboratories, we conclude that academic scientists to be the most distinctive. In their

choice of a problem area and their persistence in the field, academic early entrants are

more influenced by their cognitive perceptions of what is an interesting problem and

less influenced by the actions and opinions of others in the research community. In

contrast, early entrants affiliated with industrial and government laboratories are more

similar to their colleagues who enter the field after it has gained legitimacy than they

are to fellow early entrants in universities.

While we have focused on the importance of early entrants, in doing so we do not

mean to underestimate the significance of contributions to a field made b)' scientists

who follow afterward. Indeed, in the case of neural networks, in recent years many
important developments have been made by early and late entrants, alike. What we do

seek to understand to how it is that some scientists come to select unconventional

topics for research and then remain with it for long periods of time, seemingly

unaffected by the social dynamics of the larger research community in which they are

embedded.

The exploratory- nature of this investigation muse be emphasized. Although the

results in the case of the neural networks community are compelling, further work is

required to test the external validity of these findings. To this end, we have collected

data on two additional emerging fields that will provide a contrast to neural networks.

Furthermore, understanding the subtle behavior of scientists who pioneer a new field

is admittedly quite difficult in the context of a cross-sectional sur\'ey such as this one.
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Therefore, we are pursuing a longitudinal study of neural netv/ork scientists in order

to follow their decision processes over time.
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APPENDIX

Items inquiring into the respondent's decision to enter the field ofneural networks:

How important were each of the following factors in influencing your initial decision to include , neural

networks in your research agenda (respondents were asked to circle on a 1 (not at all important) to 7 (very

important) -scale with midpoint 4 (somewhat important)):

1 . intellectually comf>elling nature of neural networks

2

3

4

5

6

7

8

9

lack of other promising research topics

availability of funding for neural networks research

potential for financial rewards

potential for recognition by peers

dissatisfaaion with a previous research agenda

positive opinions of leading researchers in the field

successes of other researchers with neural networks

opponunity to build a commercial enterprise

10. opportunity to solve an important societal problem

11. size of the field at time of entry

12. growth rate of the field at time of entry

13. intellectual entry requirements

14. financial entry requirements

Items inquiring into what might lead the respondent to leave thefield ofneural networks:

How important would each of the following factors be in dimmishing your current interest in neural

network activities (respondents were asked to circle on a 1 mot at all important) to 7 (very important) -scale

with midpoint 4 (somewhat important)):

1. slow progress in solving technical problems in neural networks

2. lack of funding for your neural network research

3. diminished interest among other researchers in neural networks

4. rapid progress in alternative areas of research

5- opinions of leading researchers unfavorable to neural networks

6. negative opinion of your supervisor (if any) toward neural networks

7. discontinuance of neural net activities at your organization

8. lack of financial rewards

9. diminished intellectual challenge of neural network research

10. increased financial cost of conducting neural network research

1 1. overcrowding in terms of the number of neural network researchers

12 difficulty in keeping up with new developments in neural networks
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